The "Task Approach" to Labor Markets: An Overview * An emerging literature argues that changes in the allocation of workplace "tasks" between capital and labor, and between domestic and foreign workers, has altered the structure of labor demand in industrialized countries and fostered employment polarization -that is, rising employment in the highest and lowest paid occupations. Analyzing this phenomenon within the canonical production function framework is challenging, however, because the assignment of tasks to labor and capital in the canonical model is essentially static. This essay sketches an alternative model of the assignment of skills to tasks based upon comparative advantage, reviews key conceptual and practical challenges that researchers face in bringing the "task approach" to the data, and cautions against two common pitfalls that pervade the growing task literature. I conclude with a cautiously optimistic forecast for the potential of the task approach to illuminate the interactions among skill supplies, technological capabilities, and trade and offshoring opportunities, in shaping the aggregate demand for skills, the assignment of skills to tasks, and the evolution of wages.
Introduction
The canonical production function found in economic models is anthropomorphic-it's built to resemble humans. It features a role for labor and a role for machinery (capital), and, in general, these roles are distinct. This is not illogical-after all, these are separate inputs. But what precisely is distinctive about the role of each input is left opaque, and the nature of the interactions among them is highly constrained. In particular, capital is either a complement or a substitute for labor, different types of labor are either complements or substitutes for one another, and these roles are essentially fixed. Changes in the supply of each input can of course affect marginal products, but each factor's "purpose" in the production function is both distinct and static.
These restrictions stem from the fact that the canonical production function implicitly equates two distinct aspects of production. One aspect is which factors are used as inputs, e.g., capital, high skill labor, low skill labor. The other is what services these factors provide. In the canonical setup, a factor's identity and its role in the production function are synonymous. In reality, however, the boundary between "labor tasks" and "capital tasks" in production is permeable and shifting. We observe numerous instances in which technological advances allow machinery to substitute for labor in performing a specific set of tasks-for example, dispensing boarding passes and assigning seats at airport checkin counters in lieu of gate agents-while simultaneously complementing labor in other tasks, for example, allowing gate agents to rapidly identify alternate flights and issue new tickets. This evolving division of labor has a clear economic logic: novel tasks-those demanded by new products, techniques, or services-are often assigned first to workers because workers are flexible and adaptive. As these tasks are formalized and codified, they become fallow for automation since machinery typically has a cost advantage over human labor in rote execution of repetitive tasks.
A growing body of literature argues that the shifting allocation of tasks between capital and labor-and between domestic and foreign labor-has played a key role in reshaping the structure of labor demand in industrialized countries in recent decades. Analyzing this phenomenon is difficult within the canonical production function framework, however, be-cause the assignment of tasks to labor and capital is, for most conceptual purposes, static.
To overcome this conceptual hurdle, it is valuable to consider a setting where the equilibrium mapping between production tasks and productive factors responds dynamically to shifting economic and technological forces. The "task approach" to labor markets offers one promising, though far from complete, set of conceptual tools for studying these forces.
In this brief essay, I first sketch a formal model, developed by Acemoglu and Autor (2011) , that offers a flexible and tractable approach for analyzing the interactions among skill supplies, technological capabilities, and potential trade and offshoring opportunities in shaping the demand for factors, the assignment of factors to tasks, and the productivity and hence the wage of each factor. This model removes what we view as an artificial set of distinctions typically made between labor, capital, and trade (or offshoring) in the canonical production model, where different factors of production play distinct and often incommensurate roles. In the this alternative model, the fundamental units of production are job tasks, which are combined to produce output. Tasks can be supplied by domestic labor, foreign labor, or capital, the capabilities of which may change over time. Consequently, the assignment of factors to tasks in this model is determined by comparative advantage; in equilibrium, only the least-cost factor is assigned to any given task.
The second part of the essay briefly discusses some of the key conceptual and practical challenges that researchers face in bringing the "task approach" to the data. The literature is already grappling with these issues, as I note below, and I'm cautiously optimistic that progress will be rapid.
I end by highlighting some of the pitfalls that researchers may encounter in applying the task approach, most prominently, loose and inconsistent task definitions that tend to sow confusion, and the beguiling temptation for researchers to confidently forecast the "future of work" based only on the very modest understanding that we have developed to date.
Tasks in production 1
For the purposes of this discussion, it is essential to draw a distinction between skills and tasks. A task is a unit of work activity that produces output. A skill is a worker's stock of capabilities for performing various tasks. Workers apply their skills to tasks in exchange for wages. Canonical production functions draw an implicit equivalence between workers' skills and their job tasks, as noted above. Here, we emphasize instead that skills are applied to tasks to produce output-skills do not directly produce output.
This distinction is of course inconsequential if workers of a given skill always perform the same set of tasks. It is relevant, however, when the assignment of skills to tasks is subject to change, either because shifts in market prices mandate reallocation of skills to tasks or because the set of tasks demanded in the economy is altered by technological developments, trade, or offshoring. In my view, we are currently in such an era.
If the boundary between "labor tasks" and "capital tasks" is fluid, what determines the division of labor-or, more precisely, the allocation of tasks-between these factors? At least two forces are central, one technological, the other economic. On the technological front, the boundary between labor and capital shifts primarily in one direction: capital typically takes over tasks formerly performed by labor; simultaneously, workers are typically assigned novel tasks before they are automated. This sequence of task allocation makes intuitive sense: when a task is unfamiliar or poses unexpected obstacles, workers can often draw on outside knowledge and problem-solving skills to devise work-arounds.
By contrast, few machines can improvise. Consequently, automating a task requires attaining a level of mastery beyond what is required for a worker to simply perform the task; it must be codified to the point where a relatively inflexible machine can perform the work semi-autonomously.
Even when a task is fully codified, however, this does not mean it will be automated.
When Nissan Motor Company builds cars in Japan, it makes extensive use of industrial robots to reduce labor costs. When it assembles cars in India, it uses robots far more sparingly.
2 The key difference between production in India and Japan is not technology but cost: labor is comparatively cheap in India.
At the intersection of these two forces-technological feasibility and economic costlies the principle of comparative advantage. Comparative advantage in production means that the factor with the lowest economic cost of performing a task is assigned that task.
Economic cost in turn reflects both a factor's technological capability and its opportunity cost. It's likely that the technological capabilities and economic costs of robots in Japan and India are quite similar. The opportunity cost of labor in India is far lower, however, and hence Nissan hires Indian workers to perform assembly tasks that are roboticized in Japan.
Though I've drawn examples from the information age so far-electronic check-in counters, industrial robots-the ongoing reallocation of tasks between labor and capital is in no sense unique to the current era. One could argue broadly, for example, that the Industrial Revolution was an era in which artisanal tasks were rapidly reallocated from labor to capital while, simultaneously, new cognitive engineering and repair tasks were demanded of labor. 3 The era in which we currently live also offers a particularly salient and economically important source of task reallocation: the rapid diffusion of computer technology, spurred by precipitous real price declines, has likely altered the tasks performed by workers at their jobs and ultimately the demand for human skills. In a 2003 paper, Frank Levy, Richard Murnane and I argued that:
"...(1) computer capital substitutes for workers in carrying out a limited and well-defined set of cognitive and manual activities, those that can be accomplished by following explicit rules (what we term "routine tasks"); and (2) that computer capital complements workers in carrying out problem-solving and complex communication activities ("nonroutine" tasks). Provided that routine and nonroutine tasks are imperfect substitutes, these observations imply measurable changes in the task composition of jobs" (Autor, Levy and Murnane, 2003) .
The 2003 paper also offered a simple production function framework that showed in barebones terms how information technology might simultaneously displace labor from routine tasks while complementing labor in non-routine tasks.
4 Subsequent work has greatly enriched this framework.
In this section, I lay out a simple task-based framework proposed in Acemoglu and Autor (2011) , which in turns builds on Autor, Levy and Murnane (2003) , Acemoglu and Zilbotti (2001) , Autor, Katz and Kearney (2006, 2008) and Costinot and Vogel (2010) , among others. 5 Distinct from the canonical model, this framework explicitly incorporates the potential for technological change or international trade and offshoring to cause tasks that were previously performed by domestic workers to either be replaced by capital or substituted by workers abroad. This provides a natural mechanism through which technological advances can lead to real non-monotone changes in the structure of employment by occupation as well as declines in the wages for certain groups of workers.
A task assignment model
Consider a static environment with a unique final good. For now, assume that the economy is closed and there is no trade in tasks (a possibility we allow for later). The unique final good is produced by combining a continuum of tasks represented by the unit interval, [0, 1] . Suppose, to simplify the analysis, that the technology combining the services of tasks is a constant elasticity of substitution aggregator, so that the final good is produced
where Y denotes the output of a unique final good, y (i) is the "service" or production level of task i, and η is the elasticity of substitution between tasks.
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Suppose that there are three types of labor, high, medium and low skill workers, who inelastically supply H, M and L units of labor respectively. At any given point in time, a subset I ⊂ [0, 1] of the potentially feasible tasks is available (the remaining tasks cannot be produced). Each of the available tasks has the following production function
where A terms represent factor-augmenting technology, and α L (i), α M (i) and α H (i) are the task productivity schedules, designating the productivity of low, medium and high skill workers in different tasks. In particular, α L (i) is the productivity of low skill workers in task i, and l (i) is the number of low skill workers allocated to task i. Though each task can be performed by low, medium or high skill workers or by capital, the comparative advantage of skill groups differs across tasks, as captured by the α terms.
These differences in comparative advantage are central to understanding the interplay of tasks and skills. In particular, the model imposes the following simple structure of
decreasing. This assumption can be interpreted as stating that higher indices correspond to "more complex" tasks in which high skill workers are more productive than medium skill workers and medium skill workers are more productive than low skill workers. Though not very restrictive, this assumption ensures a particularly simple and tight characterization of 7 equilibrium in this economy. We initially set α K = 0 so that capital is not a competing source of task supply, and hence all tasks are supplied by labor.
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Factor market clearing requireŝ
The structure of the model's equilibrium is derived in Acemoglu and Autor (2011) 
Implications for interpreting patterns of wages and employment
A central virtue of the model above is that it facilitates a more nuanced view of the nature of technological shifts, which, together with changes in the supply of skills, underlie the bulk of the changes in the earnings distribution over the last several decades. At a basic level, the distinction between high, middle and low skills adds an important degree of freedom to the model, allowing for non-monotone movements in wage levels and wage inequality as seen in the data.
A second distinction is that, while factor-augmenting technological improvements always increase the real earnings of both skilled and unskilled workers in the canonical model, this may not be so in the presence of endogenous allocation of workers to tasks. Acemoglu and Autor (2011) show that a factor-augmenting technological improvement (e.g., an increase in A H ) can reduce the wages of middle skill workers. In particular, this happens when new technologies, by increasing the productivity of high skill workers, encourage some of the tasks previously performed by middle skill workers to be shifted to high skill workers, but a corresponding shift of low skill tasks to middle skill workers is not profitable.
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Arguably the most important innovation offered by this task-based framework is that it can be used to investigate the implications of capital (embodied in machines) directly displacing workers from tasks that they previously performed. In general, we would expect that tasks performed by all three skill groups are subject to machine displacement. Based on the patterns documented in the data above, as well as the general characterization of machine-task substitution offered by Autor, Levy and Murnane (2003) , I believe that the set of tasks most subject to machine displacement in the current era are those that are routine or codifiable. 9 Such tasks are primarily, though not exclusively, performed by medium skill workers (e.g., high school graduates and those with less than a four-year college degree). For this reason, let us suppose that there now exists a range of tasks
H ] for which α K (i) increases sufficiently (with fixed cost of capital r) so that they are now more economically performed by machines than by middle skill workers.
For all the remaining tasks, i.e., for all i / ∈ [I ′ , I ′′ ], we continue to assume that α K (i) = 0.
What are the implications of this type of technological change for the supply of different types of tasks and for wages? Acemoglu and Autor (2011) answer this question formally.
Here, I provide the intuition. A key observation is that this form of technological change has the potential to generate the patterns of wage changes and polarization that have been widely discussed in the recent literature (Autor and Dorn, forthcoming; Goos, Manning and Salomons, 2011; Firpo, Fortin and Lemieux, 2011; Autor, Katz and Kearney, 2006, 2008; Goos and Manning, 2007) ; that is, a task-replacing technological change can directly reduce wages of a skill group even as it raises total output. The reason, intuitively, is that a task-replacing technological change squeezes out the type of worker previously performing these tasks, thereby creating "excess supply." These workers are therefore reallocated to tasks for which they have lower comparative advantage, which pushes their wages down.
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Simultaneously, by reducing the cost, and hence increasing the intensity of use, of the newly automated tasks, the task-replacing technological change complements each of the remaining tasks performed by labor. These countervailing effects imply that the real wage of the group that is directly displaced by technology in a subset of its original tasks does not have to fall in real terms. But such an outcome is possible-perhaps even likely-in realistic cases.
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The polarization of occupational employment also follows from this mechanism. As 10 Notice, however, that this reallocation process does not imply that these displaced tasks are obsoletein fact, just the opposite. As the cost of performing routine tasks has declined by orders of magnitude, their use in production has grown explosively-think, for example, of the amount of processing power that goes into a single Google query. However, because these tasks are now performed by capital rather than labor, the consequences for the earnings power of workers who previously held comparative advantage in these tasks are at best ambiguous. 11 As detailed in Acemoglu and Autor (2011) , there are also interesting general equilibrium effects on other skill groups. As the middle skill group is displaced, the task boundaries will change, encroaching on the other two skill groups. The relative degree of encroachment on L versus H workers depends on the shape of the comparative advantage schedules in the neighborhood of the initial set boundaries. If H workers have strong comparative advantage relative to M in their initial tasks, then the upper boundary will move little. If L workers have relatively weak comparative advantage in their initial tasks, then the predominant direction of task reassignment will be that tasks previously performed by L workers are reallocated to M workers. Although total output necessarily rises with the advent of task-replacing technological change, the net effect need not be positive even for groups indirectly affected. For example, if M and L workers are sufficiently close substitutes at the margin, the displacement of M workers into L tasks can reduce the wages of both groups.
has been documented in the U.S. and many E.U. countries, the occupations that have contracted most rapidly as a share of total employment over the last three decades-in particular, clerical, administrative support, sales, production and operative positions-are reasonably well characterized as routine task-intensive: many of the core tasks of these occupations follow precise, carefully codified procedures. Because of exponential declines in the cost of computing power, these tasks are increasingly fallow for automation and hence are reassigned from labor to capital. As workers lose comparative advantage in routine-intensive activities, a greater mass of skills is reallocated towards the tails of the occupational distribution-both towards high skill analytic, reasoning and problem solving tasks and, ironically, towards traditionally low skill, in-person service tasks-thus leading to employment polarization.
Challenges in putting tasks to the test
The task model offers a potentially powerful framework for studying how changes in skill supplies, technologies, and trade and offshoring opportunities jointly shape the demand for labor, the assignment of skills to tasks and the real wages commanded by workers of different skill groups. There are substantial challenges, however, that confront a researcher in bringing these ideas to the data.
Measuring tasks
A first challenge is measurement. Conventional skill proxies, such as education and experience, are broadly collected by survey data sources and are widely accepted by applied economists as valid proxies for workers' stocks of human capital. In the canonical setting where the "law of one price" for skill prevails, a worker's human capital is also a sufficient statistic for her productivity and hence her potential earnings. Thus, while one could ask what tasks a worker performs using her stock of human capital in the canonical setting, the question is not particularly interesting since job tasks-and more broadly, occupations-are not well-defined economic constructs in this framework.
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By contrast, a key premise of the task approach is that although skills are used to perform tasks, skills are not tasks. To understand how and why shifts in technology and trade affect skill demands and earnings, we therefore need to be able to measure the mapping between skills and tasks and observe the changes in this mapping over time.
This presents a substantial measurement challenge since consistent information on job tasks is not commonly collected by representative data sources.
Researchers have taken at least three approaches to resolving this measurement problem. A first is to use occupations as proxies for job tasks. This has a natural appeal since occupations can readily be conceptualized as bundles of tasks that workers are required to perform. Because occupational classification schemes employed by national statistical agencies typically contain hundreds of distinct occupations, however, occupational codes are far too unwieldy in their raw form to serve as task measures. To make this problem manageable, it is necessary to boil down a large set of occupation codes to a lower dimensional object. One method is to aggregate many detailed occupations into a few broad categories, e.g., professional, technical, managerial, clerical, production, service, etc. This is typically straightforward because most occupational schemes are hierarchical. Hence, detailed codes are readily collapsed upward into their parent categories.
A limitation of this approach, however, is that it obscures any similarities in task content that cross broad occupational boundaries. For example, office clerical workers and assembly line machine operators have much in common from the perspective of the task framework: both make extensive use of routine tasks that have high potential for automation. Similarly, both truck drivers and food service workers engage intensively in non-routine manual tasks requiring detailed visual recognition and flexible adaptation to a changing physical environment, tasks that have proven extremely challenging to 12 Indeed, one simple sense in which the task approach has been productive is by spurring economists to focus attention on shifts in occupational composition-most notably, in the case of employment polarization-rather than maintaining an exclusive focus on the wage returns to skills. It seems selfevident that the changing distribution of occupational assignments-that is, shifts in what people do at their jobs-contains information about the evolving nature of production in the economy. But perhaps because occupations do not have a theoretical analogue in the canonical production framework, they have until recently received limited empirical attention from economists (though see Goldin, 2002 for a notable exception).
automate. Unfortunately, these overlaps among occupations in "task space" are in no way visible from standard occupational classification schemes that group occupations roughly according to the services that they provide (health services, production, analysis, etc.)
rather than the tasks that they encompass. Thus, a researcher who wants to identify task commonalities that cross occupational boundaries is forced to make additional subjective judgments. Such judgment calls are generally undesirable in empirical work since they leave an uncomfortable amount of discretion for researchers to shape the data to fit their priors.
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To reduce the role of subjectivity in the task categorization step, an alternative approach to grouping occupations manually is to append a set of standardized job descriptors to each occupation. These descriptors can in turn be used to develop task measures. In the U.S., two major data sources, the Dictionary of Occupational Titles (DOT) and its successor, the Occupational Information Network (O*NET), offer sources for job descriptors, and both have been used frequently in empirical work on job tasks.
The primary strength of this method of classifying tasks is that its main inputs, externally supplied job content measures, can be carefully validated by the statistical agencies that supply them. The approach of assigning tasks to occupations using job task descriptors has two major limitations, however, one intrinsic and the other reflecting shortcomings in existing data collection efforts. Fundamentally, assigning task measures to occupations overlooks all heterogeneity in job tasks among individuals within an occupation. It's selfevident that individual worker skills and actual job tasks differ among workers within an occupation, and it seems likely that these within-occupation skill-task assignments are an important component of the overall equilibrium relationship between skills and tasks. Thus, at best, occupation level task measures provide a rough approximation to the microeconomic assignment process.
Perhaps even more importantly, task measures assigned at the occupational level offer a static view of the tasks an occupation comprises. If, as the task framework suggests, job tasks assignments are subject to continual re-optimization, this static perspective is problematic. Under the reasonable assumption that task changes within occupations (the 'intensive margin') tend to move in the same direction as task changes made visible by changes in the relative sizes of occupations (the 'extensive margin'), then measuring job tasks using static measures of occupational content will systematically understate the extent of the task reallocations taking place. Fortunately, this problem can be overcome if occupational job descriptor databases are regularly refreshed. In the case of the U.S.
Dictionary of Occupational Titles, updates were infrequent and appeared to suffer from status quo bias (Miller et al., eds, 1980) . In the case of O*NET, the sheer number of distinct occupations-approximately 1,000 in O*NET release 14.0-and the vast quantity of unique scales make it extremely costly to refresh the entire database at high frequency.
Alongside these intrinsic limitations of occupation-level task measures, there are practical difficulties stemming from the design of the job content descriptors provided by the major U.S. data sources (DOT and O*NET). In both data sources, job content measures are often vague, repetitive, and constructed using ambiguous and value-laden scales that are likely to confuse respondents. 14 The DOT, which was first issued by the U.S. Depart- (Tippins and Hilton, eds, 2010, p. 178) report noted, "it is difficult... to conceive of a welldefined metric that would unambiguously place the level of systems evaluation required for "evaluating the performance of a computer system" either above or below the level of systems evaluation required for "understanding why a client is unhappy with a product." who wish to use these databases as sources for task measures are essentially required to pick and choose among the plethora of scales available, a problem that is much more severe for O*NET than for DOT. Researcher discretion again becomes paramount in this data construction process, and some transparency is inevitably lost. While I have found that task measures distilled from DOT and O*NET can serve as powerful proxies for occupational tasks, I am at best only moderately comfortable with these tools because their complexity and opacity places little discipline on how they are applied and interpreted.
A third approach to task measurement that avoids some of the pitfalls above is to collect job task information directly from survey respondents alongside other demographic, employment and wage data. Adding task measures directly to worker surveys places no restrictions on the variability of tasks within as well as across occupations, does not inadvertently impose the assumption that occupational tasks are static, and allows task measures to be designed for testing specific hypotheses. There have been several successful efforts in this direction to date. Most significantly, the IAB/BIBB labor force data, recently, researchers at IAB have fielded a new survey instrument that seeks to rigorously operationalize five major task constructs: analytic tasks, interactive tasks, manual tasks, routine tasks, and autonomy-demanding tasks (Matthes et al., 2012) .
One lesson these recent initiatives offer is that designing survey questions that successfully measure routine, codifiable tasks is itself a challenging task. The heart of the difficulty is that what is routine from the perspective of human labor is generally not routine from the perspective of machine automation and vice versa. For example, mopping floors is a mundane repetitive task from the perspective of janitors. The fact that the visual recognition and environmental adaptability required to perform this task pose daunting technical challenges for computer science is a characteristic of current computer technology, not a characteristic of the work from a human labor perspective. Consequently, asking workers to assess whether their job tasks are codifiable from the perspective of machine execution-roughly akin to asking truck drivers to compare their skills to the current capabilities of Google's driverless car-is unlikely to provide reliable information.
16 A more promising approach may be to ask workers concretely about which of many commonplace tasks they regularly perform, and then to apply outside expertise to classify whether these tasks are routine or non-routine from a machine execution perspective. Of course, we should expect that the range of tasks that can be automated will continue to expand outward from the most "routine" core-performing basic mathematical operations, storing and retrieving data-towards tasks requiring ever greater adaptability, judgment and, perhaps eventually, creativity.
The counterfactual problem
Alongside the practical challenge of measurement, the task framework poses two central 20 These shifts impact W M through three channels. One is the standard diminishing marginal productivity effect seen in the canonical model. A second of skills to tasks (that is, aggregate supply to each skill group is jointly determined with the wage level). This setting gives rise to both greater wage heterogeneity and richer wage dynamics than the baseline case, and also captures, in my view, an important additional element of realism. When a skilled production worker loses his job due to plant shutdown and takes employment instead as a food service worker, it is plausible to think that he has not only changed job tasks but also changed the skill set used to perform these tasks-for example, switching from using m skills for production tasks to l skills for service tasks. This extension to the model is also consistent with the findings in Neal (1999) and Gathmann and Schönberg (2010) that job changers tend to switch into occupations that are similar in task content to their prior jobs, and when they move further afield by changing industries or by substantially changing job tasks, they tend to experience a wage penalty. 19 Unless, of course, one posits a set of plausible frictions in the economy that lead to some degree of misallocation at any given moment. 20 Recall that in equilibrium, the cost of performing the I * L threshold task with either M or L labor must be equated, and similarly for M and H labor at the I * H threshold task. By squeezing M workers into a smaller set of tasks, a middle skill task-replacing technical change initially reduces their marginal productivity, hence W M . Because it is now cheaper to perform the threshold tasks with M labor than with either L or H labor, I * L must shift downward and I * H upward until the no arbitrage conditions are again satisfied.
is a q-complementarity effect, here operating directly on M labor: reflecting their lower cost, the newly automated tasks are used more intensively in production, which in turn raises the marginal product of all other tasks, including those performed by M labor.
The third operative channel is reallocation: as I * L and I * H are shifted outward, M labor is reassigned to a set of tasks in which it was initially less productive, thus reducing its marginal product. In short, how a task-replacing technological change (or an increase in own labor supply) affects the earnings of M workers depends importantly on how productive M labor is in alternative uses-that is, in the tasks to which it is not initially assigned.
These same forces also determine how the task-replacing technological change affects the relative earnings of H and L workers. We noted above that an M-labor replacing These features add to the realism of the model, but they pose challenges for empirical implementation because the productivity of factors in performing tasks to which they are not currently assigned is inherently hard to estimate. For example, an ambitious study by Costinot and Donaldson (2012) studies how reductions over the course of 160 years in the cost of moving agricultural goods across the U.S. have affected consumer welfare through three distinct mechanisms: direct reductions in transport costs; gains from price convergence across markets; and, most relevant here, gains from reallocation of land parcels to crops that are more valuable when distant markets become accessible (e.g., avocados are now grown in California for consumption in Manhattan). The innovation that makes this last crucial step feasible is that the authors exploit agronomic data to estimate the potential productivity of each parcel of land for producing all food crops, not simply those with which it is currently planted. This ingenious approach is not necessarily broadly feasible in other settings, unfortunately. In a recent paper, for example, Hsieh et al. (2012) seek to assess how much the reductions in discrimination against women and minorities over six decades have increased aggregate productivity by increasing allocative efficiency in the labor market (in our terminology, the assignment of skills to tasks).
Since no labor market data equivalent to agronomic data are available for estimating counterfactual task productivities by gender and race, the Hsieh et al. estimation is necessarily more dependent on distributional assumptions than is the Costinot-Donaldon study.
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On the "wage return" to tasks 22 A related conceptual and empirical challenge concerns the appropriate use of task measures in wage regressions. A key implication of the theoretical framework above is that holding the task efficiencies (that is, the α (·) ′ s) constant, changes in the market value of tasks should affect the evolution of wages by skill group. In particular, the model predicts that if the relative market price of the tasks in which a skill group holds comparative advantage declines, the relative wage of that skill group should also decline-even if the group reallocates its labor to a different set of tasks (i.e., due to the change in its comparative advantage).
Critical to this prediction is the distinction made between the wages paid to a skill group and the wages paid to a given task-a distinction that is meaningful because the 21 Over the short and medium term, changes in supplies and technologies will generally lead to evolutionary rather than revolutionary reallocations of factors. If so, it may be sufficient for many leading empirical questions to be able to estimate the distribution of potential factor productivities in a neighborhood nearby to the current equilibrium allocation rather than across all possible scenarios. 22 This discussion of the use of task measures in wage regressions draws from Acemoglu and Autor (2011) , and some text is repeated from that source.
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assignment of skills to tasks is endogenous. To see the implications of this distinction, consider a technological change that raises the productivity of high skill workers in all tasks (e.g., an increase in A H ). The model implies that this would expand the set of tasks performed by high skill workers (i.e., lowering I H ), so that some tasks formerly performed by medium skill workers would now be performed by high skill workers instead.
Thus, relative wages paid to workers performing these (formerly) middle skill tasks would actually increase since they are now performed by the more productive high skill workers.
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But crucially, the analysis in Acemoglu and Autor (2011) also proves that the relative wage of medium skill workers, who were formerly performing these tasks, would fall.
One important implication of this set of observations is that the intuitively appealing approach of regressing wages on current tasks performed by workers to estimate the "returns to tasks" may generate potentially misleading results. The appeal of estimating task-wage regressions is almost reflexive for labor economists steeped in the Mincerian tradition of regressing log wages on years of schooling and potential experience. At the heart of the Mincerian approach is the observation that a worker's human capital, proxied by schooling, is a quasi-fixed stock variable, determined prior to labor market entry. In this setting, a log earnings regression can recover the market rental rate of human capital (i.e., the return to education)-at least under certain stringent assumptions.
By contrast, the set of tasks that a worker performs on the job is an endogenous state variable that is simultaneously determined by the worker's stock of human capital and the contemporaneous productivity of the tasks that human capital could accomplish. This implies that task assignments are themselves a function of the current wage distribution, and hence a regression of wages on job tasks (rather than on worker skills) will be inherently difficult to interpret. As an extreme example of this pitfall, note as above that the relative wage paid to a task can move in the opposite direction from the relative wage paid to the skill group that initially performed that task. By contrast, the relative wage paid to a given skill group always moves in the same direction as its comparative advantage-that is, a technological change that increases the productivity of a skill group necessarily raises its relative wage. This suggests that even in a task setting, the Mincerian approach of regressing wages on skills may be more informative about the wage structure than the alternative of regressing wages on tasks.
A growing literature is now grappling with these challenges. A recent working paper by Firpo, Fortin and Lemieux (2011) , for example, develops an innovative method for measuring the impact of changing task prices on wage structure. Using a simple statistical model of occupational wage setting, their work predicts that occupations that are specialized in tasks that have declining market value should see a reduction in both mean occupational wages and the variance of occupational wages, and vice versa for tasks with rising prices. This latter (variance) effect stems from the interaction between a falling task price and a fixed distribution of task efficiencies within an occupation; as the market value of a given task falls, the range of wages paid to workers with differing productivities in that task compresses along with it.
One issue that needs further study in the Firpo, Fortin and Lemieux approach is that changes in task prices will presumably lead to changes in the self-selection of workers into occupations-as is implied by the comparative advantage model and, more generally, by any model in which workers make maximizing choices. These endogenous changes in occupational entry and exit should also affect occupational wage means and variances.
At present, the approach taken by Firpo, Fortin and Lemieux is similar to the Mincer regression in that it implicitly treats the skill allocations (here, the assignment of skills to tasks) as predetermined. This simplifies the predictions of the statistical model but imposes an unknown cost in terms of economic realism.
Some concluding concerns
Revealed preference demonstrates that I am optimistic about the potential of the "task approach" to labor markets to offer insights into the interactions among skill supplies, technological capabilities, and potentially trade and offshoring opportunities, in shaping the demand for skills, the assignment of skills to tasks, and the evolution of wages.
Rather than recapitulate the sources of my enthusiasm, let me conclude by offering three recommendations to researchers working in this literature.
A first concerns task definitions. Following Autor, Levy and Murnane (2003) , researchers have often used a rough taxonomy of three broad task groups: routine cognitive and manual tasks, which are readily codifiable for purposes of machine performance; abstract analytical and managerial tasks, which may require creativity, hypothesis formation, problem solving or persuasion; and non-routine manual tasks (or, simply, manual tasks), which may require physical flexibility and adaptability, visual recognition, or non-scripted communications. Commencing with the influential work of Blinder (2009) 
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In a similar vein, researchers sometimes classify tasks as non-offshorable because they require workers to exercise judgment, think creatively, or engage in problem-solving. Yet,
it cannot be the case that overseas workers are unable to exercise judgment or perform higher cognitive functions! Clearly, what makes these particular non-routine tasks difficult to offshore is that they are typically performed by workers in management, leadership or decision-making roles-and these roles in turn demand face-to-face interactions. Here again, the offshorability question turns on quality degradation due to distance, not on a task's routineness or non-routineness.
These observations raise the concern that the emerging task literature may be significantly inside the frontier of what is feasible in terms of precise terminology and consistent measurement. Addressing these shortcomings should therefore be a high priority on the research agenda since it is difficult for a field to advance when researchers lack shared definitions of core constructs or consistent measures of these constructs.
To advance this agenda, my second recommendation to researchers is to use, re-use, recycle, replicate, repeatedly apply and attempt to converge upon a shared and stan-dardized set of task measures. 28 Although empiricists may have a preference for their own purpose-built task measures, social science will be better served if, at a minimum, researchers use "off the shelf" measures alongside these alternatives. This practice is critical for illuminating when the potentially divergent conclusions reached by competing studies reflect disagreements about substance or instead discrepancies in measurement. While there is surely room for improvement on both fronts, a lack of clarity on either hinders intellectual progress.
As one small step towards speeding the process of convergence, I have placed all task measures used in my published papers-along with associated crosswalks and supporting documents-on my MIT homepage for download.
29 If other researchers are similarly interested in contributing to this public good, I am pleased to host and maintain a web page that provides access to data sets and documentation developed by various task projects for use by the broader research community.
Finally, let me remark on the difficulties on extrapolating from theory to policy. One of the ironies of the computer era is that information technology has increased labor's comparative advantage in traditionally low skill service tasks, such as food preparation and personal care, relative to its value in traditional middle skill tasks such as computation, information processing, and repetitive production activities. One inference that economists and policymakers are tempted to draw from this trend is that advanced countries should give up on "middle skill" education because there is no future for middle skill jobs. This conclusion is mistaken for multiple reasons. A first is that education is cumulative; students cannot attain high skills (e.g., proving theorems) without first mastering middle skills (e.g., arithmetic). Since it is difficult to forecast which students might ultimately succeed in the higher echelons of education, there is substantial option value in investing universally in students' middle skills. The efficiency case for these investments is complemented by an equity case. Choosing to not universally invest in students' "middle skills" would imply foreclosing the economic horizons of many citizens at an early age-an 28 It is regrettably the case that there are almost as many distinct task classifications as there are papers in the task literature. 29 http://web.mit.edu/dautor/www idea that few democratic societies would want to embrace.
Second, my reading of the evidence is that middle skill jobs are not slated to disappear. While many middle skill tasks are susceptible to automation, many middle skill jobs demand a mixture of tasks from across the skill spectrum. To take one prominent example, medical paraprofessional positions-radiology technicians, phlebotomists, nurse technicians, etc.-are a numerically significant and rapidly growing category of relatively well-remunerated, middle skill occupations. While these para-professions do not require a college degree, they do demand one to two years of post-secondary vocational training. Significantly, mastery of "middle skill" mathematics, life sciences, and analytical reasoning is indispensable for success in this training.
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Why are these middle skill jobs likely to persist and, potentially, to grow? My conjecture is that many of the tasks currently bundled into these jobs cannot readily be unbundled-with machines performing the middle skill tasks and workers performing the residual-without a substantial drop in quality. Consider, for example, the commonplace frustration of calling a software firm for technical support only to discover that the support technician knows nothing more than what is on his or her computer screen-that is, the technician is a mouthpiece, not a problem solver. This example captures one feasible division of labor: machines performing routine technical tasks, such as looking up known issues in a support database, and workers performing the manual task of making polite conversation while reading aloud from a script. But this is not generally a productive form of work organization because it fails to harness the complementarities between technical and interpersonal skills. Stated in positive terms, routine and non-routine tasks will generally coexist within an occupation to the degree that they are complements-that is, the quality of the service improves when the worker combines technical expertise and 30 Simultaneously, it becomes more critical than ever to improve workers' capabilities to add value in manual and service tasks. While one may legitimately be skeptical that education can do much to improve productivity in labor-intensive, technologically-lagging tasks, it is worth noting that workers with post-secondary education appear to earn more in essentially all walks of life-including mundane service occupations-than do those with a high school or lesser education (Carnevale, Rose and Cheah, 2011) . Barring the unlikely case that these wage differences entirely reflect self-selection on unobserved ability into post-secondary education rather than post-secondary education's value added, these earnings differentials suggest that increasing the skills and capabilities of workers that will perform the lower skill tasks in the economy may be productive in aggregate and may have the secondary benefit of containing the growth of inequality.
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human flexibility.
31
This reasoning suggests that many of the middle skill jobs that persist in the future will combine routine technical tasks with the set of non-routine tasks in which workers hold comparative advantage-interpersonal interaction, flexibility, adaptability and problemsolving. 32 Medical para-professions are one leading example of this virtuous combination, but this example is not a singularity. This broad description also fits numerous skilled trade and repair occupations-plumbers, builders, electricians, HVAC installers, automotive technicians-marketing occupations, and even modern clerical occupations that provide coordination and decision-making functions rather than simply typing and filing. Indeed, even as some formerly middle skill occupations are stripped of their routine technical tasks and arguably deskilled-for example the stockbroking occupation-other formerly high-end technical occupations are made accessible to workers with less esoteric technical mastery, for example, the nurse practitioner occupation that increasingly performs diagnosing and prescribing tasks in lieu of physicians. I expect that a significant stratum of middle skill, non-college jobs combining specific vocational skills with foundational middle skills-literacy, numeracy, adaptability, problem-solving and common sense-will persist in coming decades.
The economics profession is very far from a full understanding of the interactions among rising worker skills, advancing technology, improvements in offshoring and trade opportunities, and shifting consumer demands in determining the division of labor, the growth of aggregate productivity, and the level and inequality of earnings within and between skill groups. The "task approach" to labor markets does not come close to offering a solution to this vast intellectual puzzle. It may however serve to put a few puzzle pieces into their rightful locations. If so, this will mark progress towards a worthy goal.
